Computational analysis of MS spectra
In order to investigate the effect of using mutant sample-specific fasta files as the MaxQuant search engine database, we performed the raw data searches using the wild-type ENSEMBL human FASTA (GRCh37/hg19) including all missense mutant proteins reported by sequencing. Further analysis and mapping of known phosphorylation sites to detect extinction of phosphorylation sites was done using in-house Python, R and MySQL scripts. MS search results were filtered on phosphorylation localization probability higher than 0.75 and MaxQuant peptide ID score higher than 50 in order to only use high confidence identifications.
Computing Minimum Distance to Substrate from PDB Files
As discussed in the main text, we included a measure of distance to the peptide substrate in our lists of mutations perturbing determinants of specificity. This distance was extracted by computing the distance between every residue in the kinase domain to every position in the peptide substrate for ten structures deposited in PDB, where kinase and substrate were co-crystallized (AKT2 [PDB ID: 1O6K]; (Yang et al., 2002) , PIM1 [PDB ID: 2BZK]; (Debreczeni Bullock, A., Knapp, S., Von Delft, F., Sundstrom, M., Arrowsmith, C., Weigelt, J., and Edwards, A.), DYRK1A [PDB ID: 2WO6]; (Soundararajan et al., 2013) , CDK2 [PDB ID: 2CCI]; (Cheng et al., 2006) , PAK4 [PDB ID: 2Q0N]; (Filippakopoulos Eswaran, J., Turnbull, A., Papagrigoriou, E., Pike, A.W., Von Delft, F., Sundstrom, M., Edwards, A., Arrowsmith, C.H., Weigelt, J., and Knapp, S), EPHA3 [PDB ID: 3FXX]; (Davis et al., 2009) , FES [PDB ID: 3CD3]; (Filippakopoulos et al., 2008) , EGFR [PDB ID: 2GS6]; (Zhang et al., 2006) , IGF1R [PDB ID: 1K3A]; (Favelyukis et al., 2001) , INSR [PDB ID: 3BU3]; (Wu et al., 2008) ). More specifically, with the use of in-house python scripts and a biopython package (Bio.PDB), we extracted all these distance features between all residues of these kinase-substrate pairs and collapsed the information about minimum distance observed with the kinase domain alignment. Any alignment position that could not be mapped to a structure was given the arbitrary maximum distance of 50Å.
Prioritization of Cancer Somatic Mutation Most Likely Causing Downstream Rewiring.
In order to prioritize the mutations identified by ReKINect as downstream rewiring, we integrated two extra sources of information. First, to prioritize based on the distance to the substrate peptide, we collected a comprehensive set of structures of protein kinases with a bound peptide substrate deposited in Protein Data Bank (PDB) (Berman et al., 2000) and computed the minimum distance between each alignment position and the peptide substrate (see Experimental Procedures). Additionally, using the dataset collected in our accompanying article (ref. Creixell et al. co-submitted article), we utilized information about whether previous methods had already identified the positions hit by these mutations as potential DoS, essentially providing independent validation of these results. Table S1 provides the complete prioritized list of putative downstream rewiring NAMs, ordered by the likely contribution of the site to kinase specificity as measured by KINspect (specificity score, ref. Creixell et al. co-submitted article) and, where available, other sources in the literature as well as information about the average distance of residues in this kinase position to the substrate peptide (distance to substrate in Ångstrøms, Å). In order to identify potential candidates for experimental validation, we prioritized our mutations on DoS based on their distance to substrate, their wild-type specificity having being previously experimentally determined and independent evidence of the determinants of specificity.
Protein Kinase Specificity Assays
Briefly, we used a 182-component peptide library with the general sequence Y-A-X-X-X-X-X-S/T-X-X-X-X-A-G-K-K(biotin), in which X postions were an equimolar mix of the 17 amino acid residues (excluding Cys, Ser and Thr), and S/T was an equal mix of Ser and Thr. Each component of the library had a single X position fixed as one of the 20 amino acids. Peptide mixtures (50 μM) were arrayed in 1536 well plates and incubated with kinase and ATP (50 μM including 0.03 μCi/μl γ−[ 33 P]ATP) for 2 hr at 30 ºC. Aliquots (200 nl) were transferred to a biotin capture membrane (Promega), which was washed, dried and exposed to a phospho screen as described (Mok et al., 2010) . Spot intensities were quantified (QuantityOne software, BioRad) and normalized so that the average value within a position was assigned a value of 1. Data averaged from multiple runs were log2 transformed and used to generate heat maps. For PKCγ assays on individual peptide substrates, kinase (0.1 ug/ml) was incubated with 5 μM peptide in a buffer containing 50 mM TrisHCl, pH 7.5, 10 mM MgCl2, 1 mM DTT, 100 μM ATP with 0.3 μCi/μl γ−[
33 P]ATP, and a 5-fold dilution of PKC lipid activator (provides diacylglycerol in phosphatidylserine vesicles and calcium, EMD-Millipore) for 15 min at 30°C. Aliquots were withdrawn at 5 min intervals and analyzed by P81 filter binding assay and scintillation counting to determine radiolabel incorporation (Hastie et al., 2006) . Linear reaction rates were calculated from a standard curve generated from known quantities of radiolabel.
Phenotypic RNAi screening of Mutated Kinase and SH2 proteins
Cells were transfected with Silencer Select siRNAs (Life Technologies) using a 'one-step' method; siRNAs were diluted to 80nM in OptiMEM (Life Technologies) and mixed 1:1 with Lipofectamine RNAiMAX, also diluted in OptiMEM, such that each siRNA was mixed with 0.08μl of reagent. The siRNA/transfection reagent mix was then incubated at room temperature for 15 minutes prior to being dispensed into 384-well ViewPlates (PerkinElmer). Cell lines were plated directly into the siRNA containing wells at a density of 2000 (ES2), 3000 (KOC7C, TOV21 and OVISE) or 4000 (OVAS) cells per well. Cells were then incubated with the siRNAs for 72 hours at 37°C, 5% CO2, 95% humidity before being fixed, stained and read on the Opera High Content Imaging reader (PerkinElmer). siRNAs were diluted 1 in 8 by the addition of cell culture medium giving a final, 'in-assay' concentration of 5nM. Cells were fixed by the addition of 4% paraformaldehyde (Sigma), incubated at room temperature for 15 minutes. Parafromaldehyde was then removed and cells were stained with Hoechst 33342 (Life Technologies) diluted to 2μg/ml in PBS. Cells were incubated for 1 hour, at room temperature, in the dark before being washed and imaged. Cells were imaged on the Opera using a x10 objective, 405nm laser excitation and 450/50 band pass emission filter. Nuclei were detected using the Acapella image analysis software (PerkinElmer).
Analysis of Phenotypic Changes Culminating from Genesis and Extinction of Phosphorylation Sites
Following perhaps the most parsimonious expectation, we hypothesized that the genesis of a phosphorylation site on TANC1 could lead to an observable phenotypic readout upon its knock-down and, on the contrary, the extinction of a phosphorylation site on RAB11FIP1 could decrease any pre-existing phenotypic impact upon knock-down. While knockdown effect could certainly be attributable to many other factors besides these specific mutations, surprisingly, we indeed observed a relatively small but robust (P=1.7x10 -4 ) loss of nuclear intensity upon knock-down of TANC1 only in the mutant cell line, OVAS ( Figure S3E ). Moreover, the decreased proliferation caused by the knock-down of RAB11FIP1 in cell lines wild-type for this gene is significantly (P=3.1x10 -3 ) reduced compared to the cell line harboring the mutant variant, KOC7C, most likely through a perturbation of cell cycle kinetics leading to an accumulation of cells in G1-phase ( Figure S3D and F) . The statistical significance of changes in cell phenotypes caused by siRNA knockdown of ReKINect classified NAMs resulting in the generation or extinction of phosphorylation sites was evaluated using 1-way fixed effect ANOVA. The measured phenotypes were related to cell proliferation and included nuclei number and nuclei intensity (which changes throughout the cell cycle and during apoptosis). This analysis showed that the KOC7C cell line had a significantly different phenotype (in terms of nuclear proliferation) from those wild type for RAB11FIP1 (ES2, OVAS, OVISE and TOV21), P=3.1x10 . Conversely, the OVAS cell line had a significantly different phenotype (in terms of nuclear intensity) from those wild type for TANC1 (ES2, KOC7C, OVISE and TOV21), P=1.7x10 .
NAM based Regressor Models of Cell Proliferation
Changes in nuclei number were assayed, as described in Experimental Procedures, utilizing a library of 573 siRNAs (Ambion Silencer Select, Life Technologies) targeting kinase and SH2 domain containing genes. Screens were performed in the ovarian cancer cell lines ES2, KOC7C, OVAS, OVISE and TOV21, and quantified data from triplicate repeats was normalized to negative i.e. non-targeting siRNA. Of the 2865 tested conditions 314 caused a robust (greater than 2 standard deviations from the mean of the negative control) increase in nuclei number. A further 117 caused a robust decrease in nuclei number. From these data we set out to predict changes in proliferation, Y, upon RNAi knockdown based on the number and types of NAMs in the neighborhood of target proteins as defined by the local protein-protein interaction (PPI) network, as detailed below. The proliferation change for a knock-down target t and cell line c is denoted as Ytc. The specific measurement uncertainty of Y pertaining to any knockdown and cell line was quantified using variation from the three biological repeats, denoted as tc. In the following subsections we shall consider four different models, described in turn.
Baseline model
It was assumed that there was no correlation between proliferation and the PPI-neighborhood of the siRNA target. Consequently the global screen is simply regressed as: Ytc=k+etc, etc~N(0; tc) where k is a common constant for all knock-downs and cell lines, representing the baseline (k≈100) and etc represents the uncertainty, which is assumed to be normally distributed with a standard deviation equal to the experimentally determined one, tc.
Topology model
We also investigated whether the network topology in the vicinity of each siRNA target had an effect on proliferation. In this model the neighborhood of each target, t, and cell line, c, was characterized in terms of the number neighbors, n 
, where µn (d) and n (d) are respectively the mean and standard deviation of the number of proteins at distance d from target, across all targets and cell lines. Consequently, a value of aN (d) =1 implies that if the number of proteins at distance d is one standard deviation larger than its mean, the proliferation is predicted to be one unit larger than baseline k, given that the other regressor is set to its mean. The model potentially comprises 3 independent regression coefficients (k, aN (1) , aN (2) ).
Binary model
In this model, we examined whether the presence of a NAM in the vicinity of each siRNA target had an effect on proliferation. Specifically, we combined the topology model with the number of NAMs m , aM (1) , aM (2) , aN (1) , aN
).
Classified model
Finally, to assess whether the specific NAM classification provides further predictive power we derived an extension of the Binary model in which we distinguish between different uninterpreted and interpreted mutations (NAMs).
The targets addressed in the RNAi screen were classified using ReKINect alone without prior or additional knowledge and therefore entailed only four of the possible NAM classes (downstream rewiring, extinction of phosphorylation site , node activation and node inactivation) and an 'uninterpreted' class (i.e. where a mutation is not interpreted by ReKINect alone). These classifications were, as to be expected, very unevenly distributed (downstream rewiring = 31, extinction of phosphorylation site = 377, node inactivation = 6, node activation=1, uninterpreted = 3856). Since some of the mutation counts were too low to be informative by themselves, we grouped mutations by categories (likely signaling activating or likely signaling inactivating) by combining node inactivating mutations with phosphorylation site extinctions, and similarly, combining node activations with downstream rewiring mutation. Thus, the full model reads:
tc and U (d) tc are the standardized (see above) number of mutations classified as either a loss of a phosphorylation site, downstream rewiring or uninterpreted, respectively, as function of the cell line c and distance d from the target t. Consequently, the model potentially comprises 12 independent regression coefficients (k, aL (0, 1, 2) , aR (0, 1, 2) , aU (0, 1, 2) , aN
(1) , aN
). The conceptual idea of the classified (and NAM) model is illustrated in Figure S3A .
PPI-network
We based the network analysis on known physical PP-interactions as indexed by the combined score in the STRING resource (Szklarczyk et al., 2011) . We pruned the network by removing all links with probabilities below a predefined cutoff value Pc, and assigning probabilities P=1 to the remaining links. The regression results listed below are for Pc=0.9, corresponding to what STRING terms high-confidence. The results, however, are insensitive to this choice, as verified by repeating the analysis with other cut-off values (0.5< Pc<0.9).
Variable and model selection
In order to avoid over-fitting we pruned away non-informative regressors in each of the considered models following a 2-step procedure. In the first step, a subset of regressors were selected using two different standard methods: AICoptimization (Akaike, 1974) and shrinkage via the elastic-net (EN) regularization (Zou and Hastie, 2005) . In the first approach, the subset of variables is found by minimizing the Akaike information criterion (AIC). Due to the lowdimensional nature of the parameter space, we have determined this set by an exhaustive search of all 2 D possibilities, where D is the number of coefficients, aX (d) in the model. The second approach, EN-regularization, combines two traditional shrinkage techniques, LASSO- (Tibshirani, 1994) and Tikhonov-regularization (Tikhonov and Arsenin, 1978) . The method is characterized by a single global parameter ƒ (0≤ƒ≤1), which dictates the balance between the two types of regularization (ƒ=0, Tikhonov and ƒ=1, LASSO). For each value of ƒ, we determine the overall regularization scale by minimizing the 10-fold cross-validation error using the efficient R source-package implementation "glmnet" (Friedman et al., 2010) . As the cross-validation error turned out to be insensitive to the choice of ƒ, a 'mean' EN-model was constructed by including only those regressors that appeared more than 50% of times in a scan of ƒ from 0 to 1 in steps of 0.1. Both the resulting AIC-model and the mean EN-model was subsequently pruned by keeping only those regressors in a standard linear regression that proved significantly different from zero (two-sided t-test, ⍺=0.05). The regression model with the best predictive power was then chosen as the final model.The regression results for these final versions of the NAM and classified models are given in Figure S3B , yielding a reduction to only 2 and 3 regressors, respectively, excluding the baseline. The performance of the final classified model is illustrated in Figure S3C .
Model comparison
The four models were compared in terms of their respective AIC-score, root mean square residuals R, and P-values. AIC values for the baseline, topology model, binary model and classified model were 4606, 4587, 4554 and 4538 respectively. R values were 2.246, 2.238, 2.224 and 2.217 respectively. P-values were derived by ANOVA-model comparison. Network topology (topology model), the presence of NAMs (binary model) and the classification of those NAMs (classified model) were all found to have significant predictive power compared to the baseline model with p-values of 4.8x10 -6 , 7.1x10 -13 and 6.3x10 -16 respectively.
Cell-cycle Phase Analysis
Cell-cycle analysis by quantitation of DNA content was undertaken using flow cytometry. 72 hours after knockdown (as described in phenotypic RNAi screening of mutated Kinase and SH2 proteins, but scaled for 6-well plate format), cells were trypsinised and washed once in ice-cold phosphate-buffered saline (PBS) and counted. Cells were pelleted and then fixed by drop wise addition of ice-cold 70% ethanol while vortexing and incubated on ice for 30 minutes. Cells were then pelleted and washed twice with PBS before treatment with 50µl per 1x10 6 cells, of a 100µg/ml stock of DNase-free RNase for 15 minutes at 37'C. DNA was then stained by addition of 200µl per 1x10 6 cells, of 1µg/mL DAPI in PBS. Flow cytometry was carried out on an LSRII equipped with UV laser (BD Biosciences). Initial gating of cells was based on FSC-A and SSC-A. Doublets were excluded based on gating of FSC-A vs. SSC-W and DAPI-A vs. DAPI-W. Gated single cells were then plotted as a histogram using the DAPI-A parameter with standard gates defined for G1, S phase and G2M. Gates were defined on negative control populations and subsequently applied to corresponding knockdowns. Voltages were only adjusted between cell lines to facilitate placing of G1 populations on the same scale. All cell cycle analysis was carried out in biological triplicate for each of the cell lines and conditions.
